This paper discusses the existing literature on migration and innovation, with special emphasis on empirical studies based on patent and inventor data. Other sources of micro-data are examined, too, for comparative purposes. A pilot database, based on patent filings at the European Patent Office is presented. It contains information on individual inventors, including their country of residence and of origin. Preliminary evidence suggests that immigrant inventors contribute to innovation not only in the US, but also in selected European countries, where they often rank among the most productive individuals. Data on returnee inventors to selected countries of origin suggest the phenomenon to be of limited scale, and highly subject to errors of measurement.
Introduction
Migration and innovation are two phenomena whose ties date back a long time in history, well before the emergence of professional science and engineering (S&E). David's (1993) historical excursus on the birth of modern intellectual property rights (IPRs) reminds us that the latter originate from the privilegi granted by Italian states of the 14 th -15 th century to foreign craftsmen, in order to lure them away from their home countries (or rival states) and inject new techniques in the local industry. In the same years, Tudor England was engaging actively in «the negotiation … of secret agreements designed to attract skilled foreign artisans into [the Crown's] service. German armorers, Italian shipwrights and glassmakers, French ironworkers were enticed to cross the Channel in this fashion» [David, 1993; pp. 47-48] . Coming to more recent times, Moser et al. (2011) show how Jewish scientists seeking refuge from Nazi Germany were responsible for a significant growth in US patenting activity in several fields, while Halary (1994) discusses the globalisation of the academic world over the course of the second half of the 20 th century.
What makes the study of migration and innovation a hot research topic nowadays is the steady increase in the global flows of scientists and engineers (S&Es) observed over the past 20 years, both in absolute terms and as a percentage of total migration flows (Freeman, 2010; Docquier and Rapoport, 2012) . These flows have been fed by an increasing number of countries, most notably China, India, and the former soviet-block countries. This raises a number of questions on the role these migrants play in the innovation process in both their destination and origin countries.
The most common questions asked with reference to destination countries, most notably the United States, can be summarized as follows: Are foreign S&Es complements or substitutes of local ones? In other words, do they increase their destination country's innovation potential, or do they simply displace the local workforce (Borjas, 2004; Chellaraj et al., 2008; Hunt and Gauthier-Loiselle, 2010) ? Are destination countries increasingly dependent on the immigration of S&Es (including graduate students) to maintain their present technological leadership? Does such dependence require the implementation of dedicated immigration policies (Chaloff and Lemaitre , 2009)? As for origin countries, the key research questions concern the extent of their loss of human capital ("brain drain") and the nature and effectiveness of potential compensating mechanisms, such as knowledge spillovers from destination countries or the contribution to local innovation by returnee S&Es and entrepreneurs (Agrawal et al., 2011; Kerr, 2008) . In this respect, some debate exists on the role of intellectual property, most notably in the aftermath of many origin countries' subscription of TRIPs, the Trade Related Intellectual Property Agreements that come with the adhesion to the World Trade Organization (Fink and Maskus, 2005) .
While rich in questions, this emerging literature is still poor in answers. One important limitation concerns the empirical side, and the lack of extensive and detailed data for micro-econometric analysis. Another important limitation concerns its almost exclusive focus on one destination country, the US, and the origin countries which have recently become its top providers of foreign talents, namely India, China, and other East Asian countries. US-centrism is not peculiar to this field of studies, but here it bears the additional disadvantage of reducing a multi-polar phenomenon, one in which several countries act both as source and destination of migration flows, to a set of binary relationships between the US and a limited set of origin countries.
In this paper we explore the potential of patent data as a source of information capable to address both limitations. We do so both by reviewing the existing literature and by experimenting with a "pilot" database (to which we will refer with the working name of Ethnic-Inv). The database is built following Kerr's (2007) seminal methodology, which consists in combining inventor-based data from the USPTO with extensive information on the ethnic origin of names and surnames. Differently from Kerr, however, we try explicitly to focus on Europe, both by making use of European Patent Office data and by exploiting a different names-and-surname database, one containing finer-grained information on countries of origin. At this stage, our aim is mainly methodological and consists in:
i.
discussing the main benefits and drawbacks of analysing the migration and innovation phenomenon through the lens of ethnic inventor data, both in general and with reference to our specific approach;
ii. providing a first illustration of the importance of ethnic inventors in Europe, so as to attract to the phenomenon the attention it deserves; iii. discussing the specificities of inventors' migration to Europe, especially with reference to countries of origin and their role in destination countries.
In what follows, we first survey the existing literature on migration and innovation, with an exclusive focus on quantitative studies (section 2). We then discuss the key methodological problems one faces when using inventor-based patent databases, with special reference to migration issues (section 3). Finally, we provide some descriptive statistics and simple econometric exercise based upon the Ethnic-Inv database in order to discuss the latter's reliability and potential (section 4). Section 5 concludes.
Quantitative studies of migration and innovation
In this section we review existing quantitative studies that address, either directly or indirectly, the relationship between migration and innovation. We first consider general studies on the growing phenomenon of highly skilled (tertiary educated) migration, which makes use of macro information from national census and labour force survey data. We compare them to reports (by OECD and other organisations) on the international mobility of doctoral holders and academic scientists, who represent the most mobile category among the highly skilled. Finally, we move on to examine the methodology and results of micro-econometric studies based upon ad hoc collections of data on scientists, college graduates, and inventors.
Highly skilled and scientific migration
Studies on highly skilled (hs) migration belong to a long standing tradition of research on migration and development (for a survey of economic studies, see Docquier and Rapoport, 2012 ; for a crossdisciplinary survey, see de Haas, 2010) . The core phenomenon under study is that of "brain drain", namely the emigration of highly educated men and women from less developed countries, and the associated risk of possible depletion of local human capital.
Recent efforts aimed at quantifying the extent of the phenomenon have produced data and statistical evidence of great interest also for studies more directly focussed on innovation. In this respect, two contributions stand out: the dataset produced by Docquier and Marfouk (2006) , to which we will refer as DM06; and DIOC, the Database on Immigrants in OECD countries, produced by the OECD. 4 The two datasets have been collected with similar methodologies, and DIOC can be considered a more extensive and up-to-date version of DM06. Both of them contain figures for the stock of foreign born residents in OECD countries in given years (1990 and 2000 for DM06; 2000 and 2005/6 for DIOC) 5 , disaggregated by migrants' origin country, age class, gender, and level of educational attainment. These figures come either from census data or (in a minority of cases, which include however a few big countries) labour force surveys, with the latter generally returning lower figures. Data on the number of residents in origin countries (around 195 for DM06, 230 in DIOC) are also included and broken down by age, gender, and education.
Based either on DMO06 or DIOC one can build matrixes having destination countries on rows (i), origin countries on columns (j), and foreign ij in cells, the latter being the stock of foreign born residents in country i coming from country j. To the extent that the OECD includes all major destination countries, summing up over destination countries provides reasonable approximations of total emigration from any single origin country (foreign j = ∑ i foreign ij ). 6 In a similar fashion, one can compute the total stock of foreign born residents in any destination country i (foreign i = ∑ j foreign ij ). We indicate stocks of highly skilled migrants with hs_foreign.
On such basis, the brain drain rate for each origin country is calculated as:
BrainDrain j = hs_foreign j /(hs_foreign j +hs_origin j ), which is the ratio of all hs emigrants from the same origin country over the sum of such emigrants and the origin country' residents with the same educational level (hs_origin j ). In a similar fashion, one can calculate any destination country's reliance on hs immigrants (let's call it "brain intake") as:
where hs_residents i are the total hs residents in the destination country.
7
Although extremely valuable, these type of data are not entirely exempt from limitations. We point out only three of them, which serve as an introduction to our discussion of other data sources (for more details, see Docquier et al., 2009) . First, there are some difficulties in defining foreign born individuals. In principle, these should be those whose country of birth differs from that of residence. However, the concept of foreign born is not homogeneous across all countries, some of which restrict it to foreign citizens born abroad. At the same time, data sources for a few countries report data only for foreign citizens, who are generally fewer than foreign born, but may include individuals born in the country of residence from foreign born parents.
8 Besides limiting the cross-country comparability of data, uncertainty on the definition of "foreign born" individuals makes it difficult to identify hs returnees to origin country. This category of migrants is an all-too-important one for innovation, to the extent that they may carry with them key knowledge assets acquired in their countries of destination. Second, information is not available on where foreign born individuals received their tertiary education, which makes it difficult to distinguish hs emigrants from both individuals who left their origin country at a young age and received their education abroad, and international students who decide to stay in the country where they obtain their degree. In this respect, information on age of entry in the destination country may help, but this is not always available or reliable. Third, migrants are assigned to the hs category on the basis of their educational attainments (tertiary education), but it is often the case that they accept jobs for which they are overqualified. This is more likely for those who completed their education abroad and meet difficulties in having their academic title officially validated or properly appreciated by employers. For what concerns the innovation process, it may be the case that foreign scientists and engineers, while figuring in hs immigration statistics, are neither employed in R&D nor contribute to other innovation input such as design, production management and the likes.
As for substantive information one can get from datasets on hs migration, a joint reading of empirical analyses based upon DM06 and DIOC data suggests that, at least since the 1990s, hs migration has grown in stock (from around 13 million units worldwide in 1990, according to DM06, to 26 millions 2005/06, according to DIOC) and as a share of total migration (from 30% in 1990 to almost 40% in 2005/06). Besides, migration rates for the tertiary educated are higher than those for the non-tertiary educated (around 5.5% on average vs. 1.3%, according to Docquier and Rapoport, 2012) .
For what concerns the stock of hs migrants, origin countries are inevitably the largest ones, especially those whose languages are internationally diffused, regardless of their development level. Among the top 30 origin countries worldwide we find several European ones, starting with the UK (always top of the list, with over 1 million hs emigrants, regardless the database considered), followed by Germany (almost one million), Poland, Italy, France, Russia, the Netherlands, Ukraine, Romania, Greece, and Serbia. Notice that the US figures in this top30 list too, as well as several large emerging economies such as China, India, and Vietnam. This suggests that, when studying the migrants' contribution to innovation, a very important role may be played by emigrants from industrialized, R&D intensive countries. It also suggests that Europe contributes decisively to the hs migration stock worldwide, both with its more advanced countries and with its less advanced ones. In a few cases, this translates into rather high brain drain rates (16% in Poland, and over 11% in the UK in 2005/06) or at least in above-world-average ones (7.2% for Germany, around 6% for both Italy and France).
At the same time, European countries within the OECD have the lowest brain intake rates. This is mainly due to their immigration policies, which usually do not select by skill and are dominated by family reunions or, in several countries, humanitarian reasons. 9 The net result of hs emigration and immigration is nonetheless positive for several large European countries (including the UK, France, and Germany), with the main exception of Italy, which suffers of a net loss. In terms of innovation studies, these figures suggest that OECD European countries may face difficulties due to the emigration of their S&Es, which they may find difficult to compensate with immigrant S&Es of the same quality.
As for non-OECD European countries, most of them suffer both of net losses, and high brain drain rates (Bulgaria, 11%; Hungary, 9%; Romania, 18%; all figures from DIOC 2005/06), the main exception being Russia, with only 1%. Notice that non-European largest contributors to hs migration, such as India and China, do not suffer of high brain drain rates (respectively 4% and 2%), due to the size of their population and their generally high (and increasing) education level.
An important category of hs migrants are those holding doctoral degrees, especially in scientific and technical fields. DM06 and DIOC do not include separate figures for them, but some information can be obtained from the survey on the Careers of Doctorate Holders (CDH), conducted jointly by the OECD and UNESCO in 2007 and covering 25 OECD countries (plus a seven-country pilot project in 2003; see Auriol, 2007 and . Although not explicitly targeted at migration, and even less so at innovation, the CDH dataset contains useful, complementary information to hs migration statistics. First, we learn that "the labour market of doctorate holders is … more internationalized than that of other tertiary-level graduates" [Auriol, 2010; p.19] and that, in Europe, 15% to 30% of native doctorate holders can be considered as returnees having lived, in the 10 years before the survey, in at least one different country. Auriol (2007) shows that, in 2003, around 13% of doctorate holders in Germany were foreign born, almost double the DM06 figures for all tertiary educated (7%, 2000 data; 42% vs. 32% in Switzerland, and 26% vs. 11% in the US). Second, as far as Europe is concerned, most of the mobility takes place within the continent (over 60% of total mobility). Last, France, Germany and the UK emerge as the important destination countries along with the US, the latter being however the top destination for all doctorate holders from East Asia and India (who make 57% of foreign doctorate holders in the US, as opposed to only 27% of Europeans).
When it comes to contributing more directly to the migration and innovation topic, however, the CDH data suffer of several drawbacks. First, doctoral graduates represent only from 1% to 3% of all tertiary graduates in most countries (the maximum is 4.5% in Switzerland). Second, industrial researchers are less likely to hold a doctorate degree than academic ones. Therefore, most doctorate holders end up contributing to innovation in a decisive, but in a rather indirect way. In particular, they tend to undertake academic careers and contribute mainly to education and scientific advancement via publication of their research results.
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In this respect, data from the GlobSci publication-based survey confirm the exceptional degree of globalization achieved by the academic labour market Scellato et al., 2012) . The GlobSci survey concerns authors of papers published in high quality scientific journals in 2009, in the fields of biology, chemistry, environmental science, and materials, active in the 16 top countries for authors' affiliation (70% of published articles, the only large country excluded from the survey being China). Early results show that foreign-born authors (defined as those who entered the country of affiliation after the 18 th year of age) are more than half of all authors in Switzerland (57%) and around a third in the US (38%) and in between a third and a fifth in several European countries (38% in Sweden, 33% in the UK, 28% in the Netherlands, 22% in Denmark, 23% in Germany, 18% in Belgium, and 17% in France). The only top countries with limited contributions of foreign-born scientists are Spain (7%), Japan (5%), and Italy (3%). 9 Selective immigration policies are those that target specifically hs migrants. They mainly consists in reserving quotas for university graduates or specific professional figures and, in a few cases, for allowing hs perspective immigrants to enter the country even before having found an occupation. The most notable cases are those of Australia, New Zealand, and Canada, whose immigration flows now are largely dominated by selective policies, followed by the US, with its H1-B visas. Germany has also recently implemented a fast track visa granting procedure for IT specialists, which however has not met the expected success. For a comprehensive discussion, see Chaloff and Lemaitre (2009) . 10 These limitations affect even more severely another potential source of information on migration and innovation, namely the MORE survey on the mobility of European researchers (MORE, 2010) . Here the main focus is on academic researchers (data for industrial researchers are based on a non representative sample) and no questions are asked with a direct relevance for the innovation process.
GlobSci also confirms that migration in Europe is mainly intra-continental and driven by proximity and language effects (for example, Italians are the principal foreign group in bordering France, while Germans make almost 40% of foreign scientists in Switzerland and are the top group also in Belgium, Denmark, and the Netherlands). On the contrary, the US is confirmed to be the main attractor of Chinese and Indian nationals (which are the most represented among foreign-born authors, with shares respectively of 17% and 12%).
Another interesting piece of evidence from the GlobSci survey concerns the foreign-born scientists' propensity to engage in collaboration with colleagues from home countries and fellow expatriates (both of them very high, with 40% of collaborations being with home country and as much with fellow expatriates, in the same or different affiliation countries). This suggests that, at least within academic science, an effective "ethnic" network is at work, with the potential of delivering knowledge spillovers to origin countries.
Migrants' impact on innovation
In very recent years, various attempts have been made to exploit archival data for retrieving information on the impact of hs immigrant on their destination country, almost all of them centred on the US. As for the impact of emigration on innovation in origin countries, this has been studied almost exclusively on the basis of patent and inventor data, yet again with an almost exclusive US focus. We examine the two streams of literature separately.
Migrants' contribution to innovation in destination countries
The United States research system (both industrial and academic) has been an historical destination for foreign born scientists and engineers. Universities have been playing a key role in encouraging the inflow of foreign students and postdocs, the former now making around 45% of graduate students enrolled in S&E programmes, and around 60% of postdocs (2006 data, as reported by Black and Stephan, 2010) . A debate is ongoing in both the US academic and non-academic press on the extent of foreign researchers' contribution to scientific advancement and innovation, and the related visa policies to undertake. Negative concerns have been expressed by migration scholars already sceptical on immigrants' general contribution to US economic growth, such as Borjas (2009) . These concerns address mainly the possibility of local S&E students and workers being crowded out by the inflow of foreign competitors. Evidence in favour of this thesis is the dramatic drop of US citizens' enrolment in S&E university programmes. In addition, it has been noticed that more recent cohorts of foreign-born academic researchers in the US tend to concentrate in more peripheral and less productive universities and departments, which do not offer attractive career prospects to native students (chs.7-8 in Stephan, 2012; Su, 2012) . And yet, such evidence could simply prove the existence of a natural division of labour, with US citizens entering professions for which mastering the local language and culture, as well as having a larger social capital, matters more than having acquired specific scientific or technical skills. Much research has therefore focussed on testing the hypothesis that immigrant S&Es may self-select on the basis of superior skills and contribute more than natives with similar education levels or jobs to innovation (this would imply that immigrants and natives are not perfect substitutes, and that the former do not merely displace the latter by accepting lower wages).
A pioneer empirical effort in this direction is that by Stephan and Levin (2001) , who focus on the presence of foreign-born and foreign-educated among eminent scientists and innovators active in the US in 1980 and 1990. The authors assemble a sample of about 5000 highly productive or distinguished S&Es, which include members of the National Academy of Science (NAS), the National Academy of Engineering (NAE), the authors of highly cited scientific papers (from early ISI databases, now part of the Web of Science published by Thomson), a selection of academic entrepreneurs in the life sciences, and a small number (around 180) of inventors of highly cited USPTO patents. Countries of birth and education of sample members are ascertained by exploiting the biographical information made available by NAS, NAE, and various directories of scientific and medical societies. The share of foreign born and that of foreign educated in each category of eminent scientists and innovators is then compared to US S&E labour force's shares of foreign born and foreign educated, the latter being calculated on the basis of NSCG data (National Survey of College Graduates). Two-tail Chi-square tests prove that in all cases but one the foreign born are over-represented in the eminent scientist and innovator group.
In a few cases, a cohort effect is detected, with foreign born entered in the US before 1945 being particularly productive (this is not the case, however, for top inventors and academic entrepreneurs). Finally, the foreign-educated are found to contribute disproportionately to these results, which suggests both that the US benefit of positive externalities generated by foreign countries and that immigrant S&Es are self-selected on the basis of skills.
Stephan's and Levin's results on the foreign-born's contribution to entrepreneurship are confirmed for more recent years by other surveys, most notably those conducted by Wadhwa et al. (2007a-c) and No and Walsh (2010) . The former find that around 25% of all engineering and technology companies established in the U.S. between 1995 and 2005 were founded or co-founded by at least one foreignborn. The percentage increases remarkably in high-tech clusters such as the Silicon Valley (52%) or New York City (44%). These foreign entrepreneurs are mostly found to hold doctoral degrees in S&E, and to be better educated than control groups of natives. At the same time, it is found that most of these entrepreneurs first entered the US as students, and not with the specific purposes of setting up a new company. As for No and Walsh (2010) , they survey 1900 US-based inventors of "triadic patents" (patents filed in the US, Japan, and Europe), asking them, among other things, to self-evaluate their inventions' technological impact and economic value. Both measures are found to be higher for inventions by foreign born inventor after controlling for the patents' technology class, the inventors' education level, and a number of characteristics of both the patent applicants and the inventive projects. The immigrants' contribution to patenting has been further investigated by Hunt and Gauthier-Loiselle (2010) . The two authors exploit the 2003 edition of the NCSG, which contains a question on the number of patents filed by respondents, starting from 1998. Descriptive statistics show that the foreign born graduates are more likely than the natives to have filed one or several patents. However, this depends chiefly on a composition effect, the foreign-born graduates being more likely to belong to S&E disciplines. Cross-sectional econometric evidence shows that, at the state level, an increase in the number of foreign-born college graduates generate more innovation (measured by patents per head) than an equivalent increase of local graduates. Finally, it is found that any increase in the foreign born share of graduates translates into an equivalent increase in the ratio of college educated workers (foreign born plus natives) over the total workforce, after controlling for changes in the population age structure. This suggests that hs immigration adds to, and does not displace the native hs workforce. Hunt (2009 Hunt ( , 2013 provides interesting extensions of these results. Still based on NSCG 2003 data, Hunt (2009) compares the contribution to innovation of foreign-born and native college graduates, not only in terms of patents, but also in terms of publications (papers in refereed professional journals, conference proceedings, and books). In addition, a distinction is drawn between foreign-born graduates who entered the US with student visas, postdoc visas, and all others (the latter being, most likely, children reunited to their families at an early age, who then shared the same school background of natives). Two results deserve comments. First, the advantage of foreign born over natives with respect to publications is higher than that for patents, and it is not entirely explained by the same composition effect. This suggests that self-selection of highly skilled immigrants is particularly strong when it concerns the academic labour market, so that not all findings on academic scientists can be immediately extended to inventors in non-science based technologies. Second, the only foreign born graduates who hold any advantage over natives are postdocs, which suggests that highly productive foreign S&Es enter the US via the academic labour market, rather than as undergraduate or graduate students (nor they emerge from immigrants' families via the US education system).
As for Hunt (2013) , the NSCG data are used to prove that a correlation exists between graduates' patent productivity and wages, so that the author can go on arguing that the latter can be taken as proxy of engineers' innovativeness (most patents coming from engineering graduates). Data from the American Community Survey are then used to prove that:
Foreign-born working as engineers are over-represented among top wage earners, other things being equal (ii) Foreign-born qualified as engineers, on the contrary, are under-represented
The contrast between (i) and (ii) is explained by the over-qualification (or underemployment) of engineering graduates immigrated from less developed countries (including those arrived at an early age). The latter may face difficulties in getting an engineering job or in reaching managerial positions, being impeded by lack of language skills or social capital. On the contrary, immigrants from richer countries and India are more common among the foreign-born actually working as engineers. Hunt (2010) finds similar results for computer scientists. One important policy conclusion concerns the viability of selective visa policies, which apparently run the risk of attracting overqualified workers from a subgroup of origin countries. Chellaraj et al. (2008) make use of a production function approach to estimate the impact of both foreignborn high skilled workers and international students on innovation in the US. The authors propose a time series regression, in which the dependent variable is the number of patents filed at the USPTO by US companies, as a percentage of the US labour force. The regressors of interest (inputs in the innovation production function, with a 5-year lag) are the foreign-born share of graduate students, the highly skilled foreign-born share of total workforce, the foreign-born holders of a doctoral degree in S&E as a percentage of total workforce, and the percentage R&D/workforce ratio. Controls include the depreciated stock of patents filed over 5 years before the focus year. Further exercises alternatively use as dependent variables the patents filed by business companies as opposed to those filed by universities. The elasticity of patents to the presence of skilled immigrants is found to be positive and significant, and even more so the elasticity with respect to foreign graduate students. This difference can be explained with the composition effect highlighted by Hunt and Gauthier-Loiselle (2010) : while highly skilled immigrants comprise many professions, foreign graduate students are concentrated in S&E, and therefore have a much more direct impact on innovation. The same composition effect may explain the superior estimated impact of foreign graduate students with respect to local ones.
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A partial exception to the US-centrism of the literature is the study by Ozgen et al. (2011) , also based on an innovation production function approach. The study concern 170 NUTS2 regions in Europe, observed over two periods (late 1990s and early 2000s) . The study makes no use of data on classes of highly skilled immigrants directly relevant for innovation (scientists and engineers, inventors, or graduate students), but only of regional figures on the share of foreign-born residents, the average skill of immigrants (proxied by the income level of origin countries), and the heterogeneity of countries of origin, plus controls. In this sense, the study is closer to the tradition of studies on the value of cultural diversity on innovation and growth (Ottaviano and Peri, 2006; Bellini et al., 2013) , than to a direct evaluation of migration's impact on innovation. In a similar vein, Niebuhr (2010) focus on the foreign-born contribution to cultural diversity in R&D employment, as opposed to total employment, as well as in other professions classified as highly skilled. She then investigates the effect of cultural diversity on the patenting rate of 95 German regions over two years (1995 and 1997) , finding a positive association.
Migrants' contribution to innovation in origin countries
A longstanding tradition of emigration studies has consisted in evaluating the type and extent of positive returns from emigration for origin countries. Early studies placed special emphasis on emigrants' remittances and the role they might play in capital formation in less favoured countries and regions. More recently, due to the increasing importance of hs migration, more attention has been paid to emigrants' contribution to knowledge formation and innovation. This may come in two, none mutually exclusive forms, namely:
"Ethnic-bound" knowledge spillovers. Emigrant scientists and engineers may retain social contacts with former fellow students or educational institutions in their home countries, and transmit them the scientific and technical skills they have acquired abroad (either on a friendly or contractual basis, through visiting professor programmes, research collaborations, or firm consultancy) (ii)
Returnees' direct contribution. Emigrant scientists and engineers who have worked as academic or industrial researchers, may decide to move back to their origin countries and continue their activities over there. In the case of entrepreneurs, they may keep base in the destination countries, but set up new or subsidiary companies in their home country (Meyer, 2001; Wadhva, 2009a,b; Kenney et al., 2013 , and references therein). While case studies on these phenomena abound, large scale quantitative evidence is scant, and entirely based on patent data.
The most comprehensive enquiry has been conducted by William Kerr, in a series of papers (some with co-authors) that exploit two sources of information:
-the NBER Patent Data File, compiled by Hall et al. (2001) , which includes information on name, surnames, and addresses of inventors -the Melissa ethnic-name database, a commercial repository of names and surnames of US residents, classified by likely country of origin, mainly used for direct-mail advertisements.
Names and surnames from the two sources are matched in order to assign an "ethnic affiliation" to each inventor. "Ethnicity" here identifies populations coming from groups of countries with linguistic or cultural affinities. The latter are measured according to a US-centric perspective, with more details for Asian countries. As a result, only nine groups are identified: English (which includes US natives), European (which includes all Europe, with the exception of Russia and Spain), Russian (former Russian-speaking USSR countries), Hispanic-Filipino (all Spanish-speaking countries), Chinese (including Taiwanese and Singaporean), Indian (including Pakistani and Bengali), Japanese, Korean, and Vietnamese. To the extent that recent waves of highly skilled migration into the US have come from China, India, and other Asian countries, this classification, albeit incomplete, suffices to explore a large part of the phenomenon of interest.
Another limitation of the "ethnic" method for approximating the phenomenon of migration is the impossibility to distinguish between foreign-born individuals (who include all important categories of the foreign-educated and international students) and second generation immigrants, or members of longstanding ethnic minorities. At least for the US, this limitation is mitigated by working on longitudinal data, to the extent that increments of non-native ethnic groups of interest are mainly due to immigration (witness the highly skilled immigration statistics we reviewed in section 2.1).
Descriptive analysis by Kerr (2007) reveals several stylized facts, most of which are coherent with those concerning hs and scientific migration:
The ethnic inventors' share of all US-resident inventors grows remarkably over time, from around 17% in the late 1970s to 29% in the early 2000s. Notice that the latter figure is in the same order of magnitude of CDH estimates of the foreign-born share of doctoral holders in 2003 (26%) but much larger than that for hs migration from DIOC 2005/06 (around 16%; see section 2.1).
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(ii) The fastest growing ethnic inventor groups are the Chinese and Indian ones, while the overall growth appears to be stronger in science-based and high technologies (iii)
When distinguishing patents according to the institutional nature of the applicant (academic vs. business) one observes the growth of ethnic inventorship to occur early on in universities, with firms catching up later (in coincidence with the rise of the phenomenon of ethnic entrepreneurship described in the previous section) (iv)
Ethnic inventors appear to cluster in metropolitan areas (with a correlation between city size and percentage of ethnic patents), thus contributing to the growing spatial concentration of inventive activity observed in the US over the past 20 years (this evidence is reprised in detail by Kerr, 2009 ).
The most important applications of the ethnic inventor database concern the theme of knowledge spillovers. In Kerr (2008) these are measured by citations running from patents filed at USPTO from foreign residents (in years 1985-97) to patents filed up to ten years before by local residents.
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Citations are grouped according to four criteria (inventor's ethnicity and technological class of the citing patent, plus inventor's ethnicity and technological class of the cited patent). A negative binomial regression is then run, with citation groups as observations, the number of citations in each group as the dependent variables (which is often zero), and a series of dummies as regressors. Among the latter, the "co-ethnicity" dummy is of particular interest, as it indicates whether the ethnicities of inventors in the cited and citing patents in the citation group are the same. This allows estimating that co-ethnic citation groups are on average 50% more numerous than mixed ethnic ones. This basic finding is interpreted by recalling the vast economic and sociological literature on the tacit nature of technical knowledge and the roles of social ties (see footnote 13). In this interpretation, ethnicity represents a social bond between inventors, which favours the transfer of tacit knowledge assets not comprised in the patent description, but necessary to the understanding and development of the invention.
Kerr (2008) further uses patent data as regressors in a first-difference panel data econometric exercise concerning origin countries of immigration into the US. Here the dependent variables are alternative measures of economic growth (growth of manufacturing output or employment, or of labour productivity), while the number of ethnic patents in the US (with ethnicity coinciding with that of the origin country) is the focal regressors. He finds that a one percentage point increase of ethnic patents in the US is associated to a 10% to 30% increase of the country of origin's output measures. The result weakens, but resists, when excluding China from the origin country set, or Computer and Drugs from the technologies considered. This suggests that ethnic-mediated spillovers, while having a stronger impact in high technologies and in one particular economy, are not irrelevant for a more general set of countries and technological fields.
Reverse causality problems are also discounted, by excluding from the regressions Western European countries of origin, plus Japan: in the case of such advanced economies, it could be the case that ethnic patents in the US grow as a consequence (and not as the cause) of home technical progress, with the country of origin's multinationals finally expanding into the US and localizing there a few of their own inventors. Foley and Kerr (2011) exploit the same database to investigate the specific role of ethnic inventors in relation to multinational companies' activities in origin countries. In particular, they find that US multinationals with a high share or quantity of ethnic patents invest and innovate more in their ethnic inventors' origin countries, while at the same time relying less on joint ventures with local companies for doing so. This suggests that ethnic inventors may not only channel back to their origin countries some key economic and innovation activities, but also act of substitutes of local intermediaries, thus diminishing their companies' costs of engaging into foreign direct investments.
Patent inventor data have been exploited by a few other studies on immigrants' knowledge feedbacks to origin country, all of them dealing with the case of India. Agrawal et al. (2011) propose a theoretical model which compares the importance of spatial proximity between inventors (co-location in the same country, region or city) to that of social proximity (same ethnic origin) in facilitating the transmission of technical knowledge. To the extent that spatial proximity facilitates knowledge transmission more than social proximity does, the origin country of inventors stand to lose from migration (emigrant inventors will engage more in knowledge exchanges within their destination countries, than with their home countries). In order to determine the relative importance of spatial and social (ethnic) proximity, they reformulate Jaffe et al.'s (1993) classic exercise on the determinants of patent citations (see again footnote 13). 13 Only first inventors and their addresses are considered, and self-citations at the company level are excluded, so to avoid counting knowledge transfers internal to multinational companies. The use of patent citations to measure knowledge flows is both widespread and controversial. It originates with Jaffe et al. (1993) 's application to the theme of spatial concentration of knowledge spillovers, where it is proved that citations are more likely to occur between patents by co-localized inventors, after controlling for the spatial of concentration of patents, by technological classes. This exercise has been criticized for methodological reasons by Thompson and Fox-Kean (2005) . Lissoni (2005, 2009 ) and Agrawal et al. (2006) prove that other types of distance between inventors, in particular social distance, matter as much or more than spatial distance. Technical issues are reviewed by Breschi and Lissoni (2004) . For a general critique of the use of patent citations in innovation studies see Roach and Cohen (2013) .
First, on the basis of an Indian surname database, they identify ethnic Indian inventors of USPTO patents both from India and from the US (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) . Second, citations running from patents by ethnic Indian inventors from India are investigated. It is shown that, when controlling for the technological class of these patents, most citations are directed to other patents from India, rather than from the US; and that ethnic ties between inventors in India and in the US do not increase the probability to observe a citation link between those inventors' patents. The only exceptions are citations in Electronics, and those mediated by multinational firms, both of which are (weakly) mediated by ethnic ties. Overall, these results go in the direction of suggesting that pure knowledge spillovers (that is, knowledge flows not mediated by contractual norms) are not a major source of feedbacks from emigrated inventors to origin countries. However, ethnic ties are found to matter within the US (albeit less than co-location ties), as proved by an earlier paper by the same authors, based on the same methodology (Agrawal et al., 2008 ; see also Almeida et al., 2010 A more recent contribution by Miguelez (2013) exploits the information on inventors' nationality contained in PCT patent applications (see 3.1 below). The author estimates the impact of foreign inventors on the extent of international technological collaborations between origin and destination countries, as measured by co-patenting activity. Findings suggest a positive and significant impact for all countries of origin, that is, not only for the largest ones, such as China and India.
Migration, innovation and patent data: methodology and potential
In the previous section, we have examined a number of potential sources of information on the phenomenon of migration and innovation, including information on inventors from patent data. We discuss here more in depth the latter's potential, as well as the methodological problems they pose. As for their potential, this appears very large with respect to:
1) Direct measurement of migrants' contribution to innovation in their destination countries. This applies in particular to science-based and advanced technologies (electronics, ICT, drugs, biotech, and scientific instruments), for which patent data better capture inventive activity (compared to more traditional technologies). Proper classification of inventors by name ethnicity, along with regular updating, may deliver systematic information on the weight of foreign inventors in terms of patent shares, and shares of highly cited patents. 2) Patent citations may be exploited to track knowledge flows among inventors from the same origin country, either within the same destination country or back towards the country of origin. 3) By concentrating on ethnic inventors with more than one patent (a necessary condition for having the possibility to observe two different countries of residence), one may also hope to track returnee inventors, despite existing studies suggest figures to be very low.
Notice that the technologies for which patent data are informative are the same in which universities all over the world are very active either directly, that is through patenting (see Lissoni, 2012) , or indirectly, by educating future inventors. To the extent that universities are a key point of entry for migrant S&Es into destination countries, this reinforces patent information's potential for producing large enough figures amenable of statistical analysis.
In order to fulfil this potential, however, a number of technical challenges have to be tackled. We examine them in turn.
Ethnic identity vs. migrant status
First, a systematic effort must be undertaken in order to uncover all exploitable sources of information on the ethnic origin of names and surnames and improve the quality of ethnic classification. Notice that assigning a name or surname to a country of origin is an exercise whose outcome depends heavily on the country of residence considered and its immigration or geopolitical history. For example, an ethnic Italian name in France may indicate either a recent Italian immigrant, a descendant of immigrants from the late 19 th or 20 th century, or a member of an ethnic minority like the Corsicans; but the same name in Japan would undoubtedly points at a recent immigrant. Similarly, Turkish names in Germany may point to grandchildren of unskilled immigrants from the 1950s, or to recently arrived doctoral students. A large literature exists outside economics which both discusses classification problems and provides untapped ethnic name repositories (Cheshire et al., 2011; Mateos et al., 2011) . In the next section we explore the potential of a commercial repository (namely, the IBM Global Name Recognition system), but in the future we plan to explore a few alternatives, such as the Onomap system, produced by the Department of Geography at University College London. In addition, a plethora of smaller datasets have been assembled by geneticists engaged in isonymic studies 14 (two classic references being Lasker, 1977; and Piazza et al., 1987) , or by public health specialists who study the access of immigrants and minorities to medical care and/or their exposure to specific diseases (e.g. Razum, 2001 ).
Such a variety of sources should also help going beyond a major limitation of Kerr's (2007) pioneer effort, and of the migration-and-innovation literature in general, namely its US-centrism. This is all too necessary when we recall, from the discussion conducted in section 2.1, that highly skilled immigration is a relevant phenomenon in Europe. There we observed both a set of non-European origin countries that does not entirely overlap with that of migration into the US; and an important phenomenon of brain circulation between advanced European countries, which is of great interest to local policy-makers and stakeholders. In order to explore these phenomena, we cannot clearly content ourselves of concentrating only on inventors from China or India.
Alternatively, one could use information on the country of birth or nationality of the inventors. The former is generally available from census data, but they are not easily linkable to inventor data (for an exception, see Zhang and Ejermo, 2013); or from inventor surveys, but in this case country-ofdestination subsamples may be too small to produce significant statistical evidence. As for the nationality of inventors, this is available on patent applications submitted to PCT (Patent Cooperation Treaty), with a request of extension into in the US, for a number of years up to 2010 (Miguelez and Fink, 2013) . These data, which we will make use of below and refer to as the WIPO-PCT dataset, are extremely valuable to the extent that they document with unprecedented details the migration flows of inventors over the past 10 years or so. 15 In particular, these flows are highly correlated with those of hs migrants, but more extreme, with the US standing out even more noticeably as the top destination country, and India and China as the top origin ones. Unfortunately, the time series one can obtain from WIPO-PCT stop in 2010 and will not be updated in the future. In addition, measuring migration through nationality may lead to an under-estimation of the former, to the extent that long-term immigrants (especially highly skilled ones) often end up getting the nationality of their country of residence.
Inventor disambiguation
A second methodological problem to be tackled is that of name disambiguation. Once ignored by economists making use of patent data, the increasing exploitation of information on inventors has now attracted more attention to the issue. By "name disambiguation" (or, in information technology jargon, "entity resolution") we mean the identification of two or more inventors listed on several patents as the same person, based on their homonymy or quasi-homonymy (identity or similarity of names and surnames). This operation hides a number of traps, which may result in non-random measurement errors, and bias estimates of the phenomena under interest. In particular, type I errors (false positives) are generated whenever two inventors are presumed to be the same person, when in fact they are not; while type II errors (false negatives) are generated whenever two inventors who are indeed the same person are not identified as such. In jargon, a disambiguation exercise that produces a small number of false positives is said to ensure a high precision rate, while a low number of false negative is said to ensure a high recall rate. 16 Raffo and Lhuillery (2009) discuss at length the implication of measurement errors (low precision or low recall) in a number of applications of inventor data. Here we limit ourselves to point out a technical problem that inevitably occurs when dealing with ethnic names and surnames, and its implications for studies on migration and innovation.
A key element of name disambiguation algorithms consists in measuring the edit or phonetic distance between similar names and surnames, and setting some distance thresholds under which different names and surnames are considered the same. The objective here is to avoid treating as two different persons all individuals whose names or surnames have been misspelled (e.g. "Francesco" turned into "Francisco") or transliterated between alphabets in different ways (e.g. "Mao Ze Dong" being also written as "Mao Tse Tung"). At the same time, one must avoid substantive differences between names to be treated as misspellings or transliteration variants (e.g. treating "Joe" and "John" as the same). Unfortunately, when applied to inventors from different countries of origin, general rules return different results in terms of precision and recall, depending on the orthographic rules and the frequency of common names and surnames typical of each country. Chinese, Korean, and Vietnamese surnames, for example, are both short (which makes it arduous to tell them apart on the sole basis of edit distances) and heavily concentrated on a few, very common ones (such as Wang, Kim, or Nguyen). The opposite holds for Russian surnames. Similar examples can be made for names.
An immediate implication is that the same algorithm may return a low precision rate (many false positives) when applied, say, to East Asian names and surnames, and a high one when applied to Russian ones. Alternatively, it may be that the algorithm returns a high recall rate (few false negatives) for East Asians, and a low one for Russian ones. In both cases, it will often be the case that many pairs or groups of East Asian inventors will be treated as the same person, as opposed to only a few Russian ones, and introduce three possible biases: 1) Over-estimating the average and/or maximum productivity of inventors in the low precision/high recall group (the East-Asians) and under-estimating those in the high precision/low recall one (the Russians). Indeed, while several inventors named Wang or Wong will be collapsed into one, and then treated as a highly productive individual, the same will apply only to a few Russian inventors. 2) Over-estimating the number of returnee inventors in the low precision/high recall group (the EastAsians), and under-estimating it in the high precision/low recall (the Russians). While several Wang aka Wong inventor will be found to be active both in the US and China, the same will apply only to a few Russian inventors. 3) Under-estimating the rate of ethnic citations for the low precision/high recall group (the East-Asians), and over-estimating it in the high precision/low recall (the Russians). Understanding this point requires bearing in mind that the citations of interest (those representing knowledge spillovers) are those that run between different individuals; that is, self-citations at the individual level are excluded from the computation. This implies that many citations between, say, East Asian inventors may be excluded, to the extent that the citing and cited inventor (e.g., Wang and Wong, respectively) are more likely to be treated as the same person; while many citations between Russian inventors may be retained, as the pair of inventors involved appear to be two different persons.
16 Precision and recall rates are measured as follows: Two complementary strategies may help tackling the problems just exposed. One consists in calibrating the disambiguation algorithm by taking into account the specificities of each linguistic group. The other consists in making the best possible use of the contextual information contained in patents (see footnote 16). Disambiguation algorithms specific for inventor data, which follow both strategies, have been developed, among others, by Lai et al. (2011) and Pezzoni et al. (2012) . Two public available inventordata produced with such algorithms are the EP-INV dataset, originally developed for the identification of academic inventors, but comprising all inventors of patent applications filed at the European Patent Office from 1978 to around 2010; and the US Patent Inventor Database, developed by Lee Fleming and associates, which contains USPTO data.
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Applications of disambiguated inventor data to the study of inventor mobility and networks or university patenting has nowadays become very common (see respectively Marx et al., 2009; Breschi and Lissoni, 2009; . The same cannot yet be said of applications to the study of migration and innovation. Kerr (2007) and extensions make use a non-disambiguated inventor data set (the NBER dataset), as no attempts are made to estimate the productivity of inventors, nor the number of returnees (and citations are treated at a relatively aggregate level).
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As for studies that deal with citations and/or returnee figures, Agrawal et al. (2008 Agrawal et al. ( , 2011 and Almeida et al. (2010) do not provide details on the disambiguation techniques they have used, while Alnuaimi et al.
(2012) apply a "perfect matching" technique, by which only inventors with exactly the same name and surname are considered as the same person, without further checks (which in principle works as a high precision algorithm, but still can suffer of a false negative problem, due to the presence of homonyms).
In what follows, we illustrate the problems just discussed with a few examples from the Ethnic-Inv database, all of them also of substantive interest for the migration and innovation issue.
Returnee tracking
As discussed in detail by Hall's comments to an early version of the present paper (Hall, 2013) , patent data provide only partial information on inventors' mobility in space. This is because mobility can be observed only for inventors having signed at least two patents over the observation period, who constitute a minority of all inventors (the majority having signed just one patent). More precisely, in order to define an inventor as "mobile", we need to observe his two or more patents having been taken in different cities, regions or states. In case of inter-state migration a mobile inventor qualifies as a migrant, so it is possible, in principle, to estimate migration rates as part of overall mobility rates.
According to Hall's simulations, however, any indicator of migration based exclusively on mobility data will certainly underestimate the real extent of inventors' migration, even by a half or more, depending on inventors' propensity to emigrate, and to whether this is related to productivity (number of patents filed).
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To the extent that the studies we reported above do not rely just on within-the-patent information to measure migration, but infer it from the ethnic origin of the inventors' names and surnames, they are less affected by this problem. This is because migration rate estimates are based on samples that include not only the inventors with more than one patent, but also those with one patent only.
However, the problem re-appears as soon as one attempts to track returnee inventors: in this case, one goes back to the need of observing at least two patents per migrant inventor, in order to define the latter as a returnee if the any patent following the one(s) reporting a foreign address do report a home country one.
As suggested by Hall, one partial remedy to the problem may consist in using the number of observed returnees as inputs to a simulation exercise, whose objective should consist in providing estimates of the returnee phenomenon, based on realistic assumptions of migrant inventors' productivity and propensity to go back to their home countries. Formulating such assumptions requires however conducting an inventor survey, which goes beyond the scope of this paper.
The Ethnic-inv database: a first look
The Ethnic-inv database, still at its pilot stage, results from matching names and surnames of inventors in the APE-INV inventor database with information on their countries of origin obtained by Global Name Recognition, a name search technology produced by IBM (from now on, IBM-GNR).
Methodology

Disambiguated inventor data: the EP-INV dataset
The Cleaning & Parsing: the relevant text strings (those containing information on name, surname and address of the inventor) are purged of typographical errors, while all characters are converted to a standard set. The string containing the inventors' complete name is parsed into tokens, each of which containing a given name or a surname (out of all given names and surnames the inventor may have); tokens containing professional titles or name qualifications ("jr", "II" etc) are dropped. The address is parsed, too. Disambiguation Step 2.
Matching: the algorithm selects pairs of inventors, from different patents, who are likely candidates to be the same person, due to homonymy or similarity of names. The matching procedure compares all tokens produced at step 1, sort them alphabetically, and assign them to groups, based on 2-gram distances between subsequent tokens in the alphabetical list. Any pair of inventors whose complete name strings are composed of tokens belonging to the same group are matched. In case the matched strings are composed by a different number of tokens, the minimum common number of tokens is considered. Disambiguation Step 3.
Filtering: the matched inventor pairs are filtered according to additional information retrieved either from the patent documentation or external sources. Typical information from within the patent documentation are the address (e.g. quasihomonyms sharing the same address are believed to be the same person) or some characteristics of the patent, such as the applicant's name (e.g. homonyms whose patents are owned by the same company may be presumed to be the same person) or its technological contents (as derived from the patent classification system or patent citations).
Massacrator 2.0 is a general tool, one that can be calibrated to maximize precision (minimize false positive) or recall (minimize false negatives), or to achieve the best possible combination of the two (that is, to strike a balance between different types of errors). The calibration takes place at step 3, by assigning different weights to filtering criteria. In what follows, unless otherwise stated, we will make use of the "balanced" version of the database, one that, when tested against a benchmark sample of French academic inventors, returned a precision rate of 88%, and a recall rate of 68%. However, some exercises in section 4.2.3 will be conducted also on a "recall-oriented" database, with a recall rate of 93%, but a low precision (56% only). Notice that the number of unique individuals in the "balanced" database are 2,366,520 (-16% with respect to the number of inventors in the raw data), while the same figure in the "recall-oriented" one is 1,697,976 (-39%). 
Inventors' country of origin: the Ethnic-INV dataset
Our basic source of information on inventors' country of origin is the database feeding the IBM-GNR system, a commercial product which performs various name disambiguation tasks. Among such tasks, the one of interest here is the association of names and surnames to one or (more often) several countries of likely origin. This association originates from a database produced by US immigration authorities in the first half of the 1990s, which registered all names and surnames of all foreign citizens entering the US, along with their nationality, for a total of around 750,000 full names. In addition, variants of registered names and surnames are considered, according to country-sensitive orthographic and abbreviation rules.
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When fed with either a name or a surname or both, IBM-GNR returns a list of "countries of association" (from now on: CoAs) and three scores: -"frequency", which indicates to which percentile of the frequency distribution of names or surnames the name or surname belongs to, for each CoA (e.g. an extremely common Vietnamese surname such as Nguyen will be associated both to Vietnam and to France, which hosts a significant Vietnamese minority; but in Vietnam it will get a frequency value of 90, while it France it will get only, say, 50, the Vietnamese being just a small percentage of the population); -"significance", which approximates the frequency distribution of the name or surname across all CoA (continuing with the previous example, the highest percentage of inventors names Nguyen will be found in Vietnam, followed by the US and France) -"confidence", which indicates the reliability of the frequency and significance scores for each CoA, as a function of the number of observations available for the latter in the database (with 90 indicating maximum reliability).
The IBM-GNR list of CoAs associated to each inventor is too long for being immediately reduced to a unique country of origin for each inventor in our database. This operation requires filtering a large amount of information through an ad hoc algorithm, one that compares the frequency and significance of the two lists of CoAs associated, respectively, to the inventor's name and surname to the inventor's "country of residence" at the moment of the patent filing (which we obtain from the inventor's address in the EP-INV dataset). Figure 1 illustrates the type of information provided by IBM-GNR, the position of our algorithm in the information processing flow, and the final outcome. Notice that we refer to "country of association" (CoA) when considering the raw information from IBM-GNR, and to "country of origin" when considering the final association between the inventor and one of the many CoAs proposed by IBM-GNR (or one of our "meta-countries" based on linguistic association). The full description of our algorithm (to which we will refer with the working name of Ethnic-INV algorithm) is available on request.
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Here it suffices to point out its basic principles:
22 Recall and precision rates were estimated against two datasets of academic inventors from France and Switzerland, which implies that the same rates could be lower or higher when considering inventors from different countries of origin. (2010) and Nerenberg and Williams (2012) . E-mail and phone exchanges with IBM staff were also decisive to facilitate our understanding. Still, being IBM-GNR a commercial product partly covered by trade secrets, we did not have entire access to its algorithms and we had to reconstruct through deduction. 24 Notice that the Ethnic-INV algorithm and the Massacrator 2.0 disambiguation algorithm described above are totally independent. Although we use them in combination, nothing prevents perspectives users from combining inventor data disambiguated by means of Massacrator 2.0 to other sources of information than IBM-GNR, or to apply the Ethnic-INV algorithm to other sources of inventor disambiguated data.
Ethnic-INV Step 1. The algorithm considers first whether the maximum-significance CoAs associated respectively to the name and surname of the inventor are the same (or whether the product of significance of first name and surname exceeds a critical threshold value), in which case it creates a country of origin identical to such CoA, irrespective of the country of residence. In the example of figure 1, this is the case of Francesco Lissoni, whose name and surname are both associated with maximum significance to Italy. Ethnic-INV Step 2. In case this simple rule does not apply, the top significance CoA associated to the inventor's surname is considered, provided its value exceeds a certain threshold. Various threshold values are specified, for as many variants of the algorithm (sixteen, at this stage of our research). Ethnic-INV Step 3. In case none of the two previous sets of rules applies, the inventor's country of origin is presumed to be the same as that of residence one. Similarly, in order to correct for the presence of ethnic minorities in the country of residence, the latter is chosen as country of origin if either the inventor's name or her surname appears to be very frequent (frequency > 90) there. In the example of figure 1, this is the case of John Breschi, who has a very frequent name in his country of residence, the US, despite a very uncommon surname (one that would push the algorithm to treat him as Italian). Ethnic-INV Step 4. After completing this process, the algorithm produces a Foreign dummy variable, which takes value 1 (Yes) whenever the country of origin and residence differs (or the country of residence is not comprised within the meta-country of origin). We will refer to inventors with Foreign =1 as IFOs (Inventors of Foreign Origin). In the example of Figure  1 , Francesco Lissoni is considered an IFO (his country of origin being Italy, while that of residence is Germany), while John Breschi is not (his country of residence, the US, is comprised within his "English" meta-country of origin). Ethnic-INV Step 5. Notice that Step 2, by requiring to fix threshold values of frequency and significance, allows for calibrating the algorithm in order to orient it towards more precision or more recall (or a combination of the two). The latter are defined as in footnote 12, although by "positives" ("negatives") we now mean the cases of inventors whose country of origin differ from (is the same as) that of residence at the priority date of the patent. In order to identify true vs. false positives and negatives we would need a benchmark datasets reporting the true country of origin (ideally, the country of birth) of a representative sample of individuals. At this stage of our research, we have not yet managed to assemble a similar database, so we rely as benchmark on the WIPO-PCT dataset (Miguelez and Fink, 2013) . This is a less-than-satisfactory choice to the extent that the latter does not report the inventors' country of birth, but their nationality.
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25 By now, the WIPO-PCT database is the best benchmark at hand, as it is very similar to the EP-INV database in terms of size and information contents (albeit without inventor disambiguation). This allows us to define as a true positive every inventor that our algorithms classifies as of foreign origin and is of foreign nationality according to WIPO-PCT (similarly, a false positive will be any inventor classified as of foreign origin, who turn out not to be a foreign national; and so on for the false negatives). Still, it is an imperfect benchmark, to the extent that our definition of "country of origin" and that of nationality differ in many ways. First, nationality of the country of residence can be acquired over time, and this applies especially to prolific immigrant inventors, who may have resided a long time in a foreign country (indeed, a close look at WIPO-PCT data reveal several cases of double nationality). Second, the concept of country of origin points at some ethnic ties that can be maintained after the change of nationality or, in some cases, over more than one generation of immigrants, including those who were born abroad and automatically acquired the nationality of the country of residence (according to some form of ius soli legislation). For these reasons, we cannot expect very high precision rates when using nationality as a benchmark, nor should we interpret too strictly any false positive as an error in our country of origin classification. 
.2 for details (2) In red: efficient calibrations (precision cannot be improved without reducing recall, and viceversa)
It is important to stress that the calibration occurs at the level of the inventor's country of residence. Figure 2 reports the results of the calibration exercise conducted for two countries of interest, namely Great Britain and Germany. Each dot on the graphs is the result of a different calibration; dots on the red line represent efficient calibration results, whose outcome in terms of precision cannot be improved without losing out significantly in terms of recall (and vice versa). We first notice that the range of precision and recall values we obtain is different for the two countries (precision: 27.5%-40% for Britain vs. 76%-60% for Germany; recall: 70%-90% for Britain; 54%-66% for Germany). Second, we observe a different distribution of calibration results, with efficient dots being just four for Britain, and five for German. Finally, while for both countries the maximum-recall calibration is represented by dot 16, the maximum precision one is dot 13 for Britain and dot 9 for Germany (as for "balanced" calibration, the choice for Britain is between dot 13 and dot 14, while for Germany the choice includes dot 15, too).
As a source of information on countries of origin, the most important limitation of IBM-GNR, for our purposes, is the absence of the US among the list of available CoAs, as US citizens never entered the original database. When manipulating the information obtained by IBM-GNR we manage, by now, to assign as presumed US origin to inventors residents in the US [see below], but cannot to do the same for inventors outside the US. Compounded with other problems (chiefly, the difficulty to distinguish between CoAs whose dominant language is English), this forces us to assign US inventors in a generic "English" meta-country of origin, which also include British, Australian, and Irish inventors.
"Neighbourhood effects" problems are present, too. Most Spanish-speaking travellers and immigrants to the US come from Mexico, followed by other Latin American countries. When applying IBM-GNR to Europe, this leads to over-estimating the number of inventors coming from such countries, and underestimating those from Spain. The same applies for Brazil and Portugal. Similar problems affect Chinese-, German-, and Russian-speaking countries, in this case because one large country (respectively, China, Germany and Russia) overwhelm all others in terms of significance scores. Once again, at present, our solution for these problems consists in creating meta-countries of origin (such as "Chinese", "German", "Russian", or "Spanish", with reference to the linguistic group). Still, these metacountries of origin are more detailed and less US-biased than Kerr's (2007) ethnic groups. 26 Another important limitation is the potential obsolescence of the reference database, which may lead to some errors in the assignment of inventors to countries of origin. For example, during the first half of the 1990s, entries in the US from Eastern European countries were still limited, so that IBM-GNR may not be able to assign a CoA to inventors from such countries. They will then be confounded with local inventors, thus leading to an underestimation of their presence abroad.
Despite these limitations, the IBM-GNR has the potential to identify immigrant inventors from a variety of countries of great interest from a European perspective. Its accuracy may vary across origin and destination countries, and should be tested against at least one benchmark dataset for country. Besides, nothing prevents us from combining it, in the near future, with other, similar resources.
In what follows we will use just a subset of the Ethnic-Inv data, namely those data concerning inventors active in the 12 European countries with the largest number of patent filings at the EPO since 1978 (namely: Austria, Belgium, Denmark, Finland, France, Germany, Italy, Netherlands, Spain, Sweden, Switzerland, United Kingdom), plus the 3 most important non-European countries, according to the same criterion (namely: US, Japan, and South Korea). As shown in table 1, this amount to over 1,700,000 inventors (with inventors active in n>1 countries, a tiny minority indeed, being counted n times). Almost one third of these inventors were active in the US, and almost as many in Japan, which leaves around a third of them in Europe. Here it is Germany that dominates, with around 14% of total observations in the sample. 26 The full list of meta-countries of origin is: -"Arabic": Egypt, Algeria, Kuwait, Lebanon, Syria, Tunisia -"Chinese": China, Taiwan, Hong Kong -"English": UK, Australia, Ireland (it includes also the US, albeit not listed as a CoA) -"Former Czech-Slovakia": Czech Republic, Slovakia -"Indian": India, Bangladesh, Nepal, Pakistan, Sri Lanka -"Portuguese": Portugal, Brazil -"Russian": Russia, Belarus, Bulgaria, Azerbaijan, Kazakhstan, Serbia & Montenegro, Ukraine, Uzbekistan -"Spanish": Spain, Mexico, Colombia, Costa Rica, Cuba, Venezuela, Uruguay 
Applications
In what follows we discuss a few applications of the Ethnic-inv database, in its present version. They are both of substantive interest and allow some further methodological reflection. Table 2 provides estimates of IFOs' share of resident inventors in several countries, according to EthnicInv data. Columns 3 to 5 report data based on patents filed between 1985-95, while columns 6 to 8 refer to [1995] [1996] [1997] [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] . Columns within each set differ according to the calibration of the Massacrator 2.0 algorithm (respectively: maximum precision, maximum recall, and "balanced"). The table also provides a comparison of the IFO-related figures with similar figures for inventors of foreign nationality from the WIPO-PCT database, as well as with hs immigration shares from the DIOC 2005/06 datasets (respectively, in columns 1 and 2). This comparison serves the purpose of checking whether differences between inventor and highly skilled immigration figures differ by an order of magnitude too high to be credible, therefore suggesting the possibility of some gross estimation error.
A comparison with highly skilled immigration and WIPO-PCT data
The shaded cells in columns (6) to (8) indicate the estimates of IFOs' incidence that are closest to equivalent estimates for foreign national inventors in WIPO-PCT data. We observe that:
(i) For some countries of residence, the most reliable algorithm appears to be the one that maximises precision, in others the one that maximises recall or the "balanced" one. This confirms that the best algorithm for assigning the countries of origin varies according to the country of residence. (ii) The Ethnic-Inv database does quite a poor job in capturing IFO in the US, due to the limitation of the IBM-GNR system: the distance between the WIPO-PCT estimate (around 16%) and ours (from a minimum of 25% to over 40%) is too high to be explained only by the conceptual difference between "nationality" and "country of origin" (see footnote 16). We clearly over-estimate the overall share of foreign inventors in the US.
(iii) The share of IFO (whether estimated on the basis of the Ethnic-Inv database, or the WIPO-PCT ones) and that of highly skilled workers are quite similar in terms of ranking (with Switzerland and the US on top, and Italy and the Japan at the bottom) but quite different in terms of values. This suggests that demand factors (such as the R&D intensiveness of the local system of innovation) and institutional factors (such as the attractiveness of the education system) may interfere with more general economic forces and immigration policies when it comes to the immigration of a very specialized category of high skilled workers, such as the scientists and engineers who form the bulk of the inventors' community, as discussed in section 2. Table 3 reports a set of figures similar to those in table 1, but for a selected set of countries of origin, namely: Arabic, Chinese, Indian and Russian meta-countries (see footnote 22), as well as Iran, Poland, Romania, Turkey, Vietnam. These countries are at the same time among the top providers of hs migrants, and those whose languages clearly differ from any language spoken in the countries of destination of our interest. Such linguistic differences ought to help reducing the number of false positives, thus increasing the precision of our estimates. Indeed, a comparison of column (1) with columns (2) to (4) suggests that for these countries of origin the Ethnic-Inv estimates that best approximate the WIPO-PCT ones are those based on the maximum precision algorithm, with the exception of estimates for Japan and Spain (best algorithm is the balanced one) and South Korea (maximum recall). Still, we have over-estimation problems for the US. Foreign origin inventors as % of residents (Ethnic-Inv, 1985 -1995 ; by calibration of the Ethnic-INV algorithm § Foreign origin inventors as % of residents (Ethnic-Inv, 1995 -2005 ; by calibration of the Ethnic-INV algorithm 
Immigrant inventors' contribution to destination countries
For each inventor in the database we produce two productivity measures:
i. An "outstanding productivity" binary variable, based upon the frequency distribution of inventors by total number of patent applications filed at the EPO and year of entry into the database (entry = first patent application filed at EPO by the inventor): an inventor is said to exhibit outstanding productivity if he/she falls into the top 95% of the distribution. ii.
The patent h-index (number of patent receiving a number of citations equal to or higher than h).
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We then conduct two simple regression exercises (to be interpreted as exploratory partial correlations), both of them limited to the set of 12 European countries with the largest patent stock (see section 3) and the US, for comparison.
The first exercise consists of a Logit regression, where "outstanding productivity" is the dependent variable, and regressors are simple dummies indicating:
-whether the inventor is of foreign origin; in particular, we experiment with two sets of dummies: o the first set (foreign by entry cohort) consists of four dummies taking value 1 if the inventor has a country of origin different than that of residence and belongs to one out of four cohorts of entry (1985-90, 1991-95, 1996-00, 2001-05) ; the distinction by cohort of entry is meant to capture any potential change in the composition (by skills or countries of origin) of IFO over time o the second set of dummies indicate separately each selected countries of origin We experiment with both high precision and high recall estimates of the foreign origin on inventors. In particular, we consider both high precision and high recall foreign by entry cohort dummies (while for dummies representing selected countries of origin we rely exclusively on high precision estimates); -dummies for the inventor's entry year, irrespective of whether the inventor is of foreign origin or native, which are meant to capture any calendar effect on the distribution of inventors by productivity; -technology dummies, which take value 1 for each technological class in which the inventor has at least one patent (multiple classifications for the same patent are possible). They control for crosstechnology differences in the average number of patents per invention (due to differences in patent scope and in the relative proportion of occasional vs. professional inventors).
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The second econometric exercise we conduct concerns the h-index measure of contribution to inventive activity. Being it a count variable (with a maximum around 25) we run a Poisson regression, where the explanatory variables are the same set of dummies of the previous exercise. While Poisson regressions may return negatively biased estimates of zero values, they perform as well as other count regression techniques (while saving computational time) for large count values, which are the ones in which we are most interested into (Long, 1997). Table 4 reports the key summary statistics, separately for Europe (selected countries) and the US. All variables in the table (but h-index) are dummies, so their (min,max) values are always (0,1) (for the hindex the minimum is always zero, while the maximum is 23 for the US and 27 for Europe).
27 The h-index, first proposed by Hirsch (2005) , is a synthetic indicator of scientific productivity commonly used to rank individual scientists in a large number of disciplines (see also Daniel, 2005 and . The number of citations received by a scientific paper indicates the quality of the latter, in terms of potential for further research. While the total or average number of citations received by a scientific author may depend on just one or a very few highly cited items, the h-index better captures the overall quality of the authors total production. Being a stock measure, however, it is positively correlated with the author's age. In a similar fashion, citations to patent documents are interpreted as indicators of the economic or technological impact of the patent (Breschi and Lissoni, 2004; Hall et al., 2005) . 28 We consider seven technological classes (Electrical engineering & Electronics ; Scientific & Control Instruments; Chemicals & Materials; Pharmaceuticals & Biotechnology; Industrial processes; Mechanical Engineering, Machine & Transport; Consumer good; .Civil engineering) , based of the original IPC (International Patent Classification) codes assigned to each patent and produced by OST (2008) The top section of table 5 (which define IFOs on the basis of high precision algorithms) shows that both in Europe and in the US IFOs have a higher-than-average probability of exhibiting outstanding productivity (columns 1 and 2). Odds ratios are pretty similar for the two regions and well over one for all IFO cohorts. Notice however that, due to our over-estimation of the number of IFOs in the US, the latter are more likely to include false positives. Under the hypothesis that IFOs are more productive, on average, than native inventors, this should introduce a negative bias in our estimates of IFOs' productivity in the US.
When we break down the data by European country, the results cease to hold for a few cohorts, which vary across country, albeit the odds ratios remain always positive, with three exceptions (the 2001-05 cohorts in France, Netherlands, and Italy). The results are particularly weak for the countries with low absolute number of foreign inventors such as Italy, whose IFO's share of total inventors is low; or Sweden and Switzerland, which have higher IFO's share, but have relatively few inventors (in the case of Switzerland, there is also the additional complication that the inventors of German or Austrian origin were counted as IFO, due to the high number of false positives in the Ethnic-Inv database).
The bottom section of table 5 illustrates the problem we may encounter when changing algorithm to define IFO. There we make use of high recall algorithms, which reduce the number of false negatives (foreign inventors mistaken for locals) at the cost of increasing the number of false positives (local inventors mistaken for foreign). Results in columns 1 and 2 resist (which is somewhat reassuring in terms of robustness of our analysis) but the value of the odds ratios is closer to one, compared to the top section. This is generally true of all columns, too. We also observe a higher number of non-significant estimates. The explanation is as follows: by "mixing up" too many local inventors with foreign ones, we dilute the relationship between foreign origin (as defined by the algorithm) and productivity. The only exception to this change is the United Kingdom. We do not have yet a clear explanation for this exception, but we observe that the United Kingdom is a very special case, in which several immigrants from the US, Ireland, and former Commonwealth countries get confounded with locals. It may well be that the high precision algorithm leaves out too many of them (and indeed it is a very different algorithm than the one used for other countries), so that the high recall algorithm may do a better job in identifying highly productive IFO. Table 6 reports the results of the same exercise of the bottom block of table 5, but for specific countries of origins, those whose languages (in particular, the languages used for names and surnames) do not coincide with any language used in the countries of destination of our interest. In the future, we plan to refine this analysis by considering also other countries of origins, including some western European ones (such as Italy or Greece, whose hs emigration within Europe is remarkable) as well as several Central and Eastern European ones now excluded (most notably, the Czech Republic, joint with Slovakia, as well as Hungary, Albania, and Bulgaria).
The results we obtain suggest a few interesting patterns, possibly as result of different dyadic relationships between countries of origin and countries of destination in the US and Europe (and across European countries). The US seems to attract highly productive inventors from all the countries explicitly considered in the table, with the partial exception of Romania. Europe fails to attract this type of IFO from Iran and Turkey and, partially, from Arabic countries. Intuitively, this result can be explained by that fact that Europe hosts large groups of second generation immigrants from these countries, who enter the S&E labour market along with locals, instead of self-selecting them on the basis of skill as first generation hs immigrants do (they enter the countries of destination after having received all or a large part of their education in their home country or abroad; see section 2). A similar explanation may apply to the results for Indians in the UK. At the same time, this result is in line with the observation that hs skilled migration has a preference for the US, and that the large presence of home country minorities in Europe fails to compensate for the US' attraction power (the best example is that of Turkey, whose hs emigrants have a well-documented preference for the US compared to Germany, despite the large Turkish minority in the latter). Among the European countries of origin, the most pervasive presence of highly productive IFO is that of Russians (among the top productive inventors in four countries out of seven). Among the countries of destination, those who make the most of IFO from the countries of origin considered are the Netherlands and the UK. At the opposite end, we find France.
Returnee inventors
While the statistics examined so far concern the impact of immigrant inventors on innovation within their countries of destination, a large part of the literature we reviewed in section 2 concerns their contribution to innovation in their countries of origin. As discussed in section 2, a potential contribution channel consists of returnee S&Es who innovate in their home countries, based on their experience in the former country or countries of destination. Table 7 reports our estimates of the phenomenon, according to two different versions of the Ethnic-Inv database. The former version is the one based on a "balanced" name disambiguation algorithm, the second on the "high recall" one (both make use of a "high precision" algorithm for the identification of foreigners). Returnee inventors are defined as inventors with at least two patents, one of which filed as resident in a country different from that of origin and another filed as resident in the country of origin, the former having been filed not later than the latter. This definition excludes inventors who filed patents first as residents in their country of origin and then abroad (they being emigrants, not returnees), but it includes both inventors who, after having returned to their country of origin, keep patenting as residents of other countries, and inventors who patent at the same time as residents in their country of origin and elsewhere. (1) Only inventors with at least two patents are considered. Returnees are defined as inventors with at least one patent in a country different from the country of origin and one patent in the country of origin (the latter not being filed before the former). Year of return is the year of first patent filing from origin country (1) Only inventors with at least two patents are considered. Returnees are defined as inventors with at least one patent in a country different from the country of origin and one patent in the country of origin (the latter not being filed before the former). (2) Balanced disambiguation: unique inventors identified with an algorithm with estimated 88% precision rate [ true positives/true+false positives] and 68% recall rate [ true positives/(true positives + false negatives) (3) High recall disambiguation: unique inventors identified with an algorithm with estimated 56% precision rate, and 93% recall rate
The figures for returnee inventors we obtain from the "balanced" database are extremely low. The country of origin with the highest number of returnees is China (220 inventors), which amounts to around 3% of returnee rate (share of emigrant inventors who return) and less than 1% of impact on the country of origin (share of returnee inventors over inventors resident in the country of origin). In India, a much studied case, both rates are less than 1%. In all other cases, the number of returnees is negligible and we observe higher than 1% values only in countries with either few emigrant inventors or few resident ones.
The results change dramatically when using a "high recall" database. China is the country of origin most affected, but also the one for which estimates are most likely to suffer by low precision (as discussed in section 3). Here we move to over 1,400 returnees, with a returnee rate of 19% and an impact on country of origin of over 8%. India is also quite affected by the change of algorithm, much less the European countries, for which the precision-recall trade off may be less severe. While of no substantive interest, these results help clarifying the importance of technical issues concerning name disambiguation when studying the relationship between emigrant inventors and their countries of origin. Low figures for inventors active in such countries mean that any distortion introduced by the choice of one algorithm over another will be magnified, even in the case of large countries such as China or India.
Finally, and quite interestingly, figure 3 shows that the phenomenon of returnee inventorship can be meaningfully studied with the help of patent data only from the second half of the 1990s onward, at least for the case of less developed or developing countries of origin. Before then, none of these countries had adopted a patent legislation: while this did not impede inventor to patent abroad, it may imply some lack in the necessary legal and administrative infrastructure to support extensive patent filing at foreign patent offices. Besides, and more importantly, these same countries did not host, until recently, many R&D-performing companies, so that innovation, if occurred, did not leave any patent track behind it.
Conclusions and further research
The relationship between migration and innovation is an important one both for countries of destination and countries of origin. In this paper, we have reviewed the existing empirical evidence on the phenomena, with an eye mainly on methodological issues.
In particular, we have reviewed in detail sources of macro-and micro-data used in the literature and concluded that inventor data, to be extracted from large patent datasets, have a potential for shedding light on several issues. We have then provided a few examples of this potential by producing descriptive statistics and simple econometric exercises based on Ethnic-Inv, a pilot dataset based on inventor information extracted from patent filings at the European Patent Office (EPO), and IBM-GNR, a commercial database on ethnic origin of names and surnames. We have discussed at length the technical issue of name disambiguation, which is a crucial one for ensuring the minimum level of data quality, but has not yet received enough attention in applications of patent data to migration studies. We see our effort to create Ethnic-Inv as complementary to a similar effort conducted by Kerr (2007) on the basis of USPTO data and a different commercial dataset of names. Kerr's data have been instrumental to shed light on the migration-innovation nexus involving the US and Asian countries, but cannot help overcoming what we saw as a main limitation of the existing literature, namely its UScentrism. While the US are certainly the country whose innovation activities have most benefitted (both historically and recently) by the influx of foreign S&Es, general data on highly skilled migration show that the latter matter in Europe, too. However, European countries of destination differ from the US in that most highly skilled migration originates from neighbouring countries, with richest countries serving both as destination and origin. This makes it necessary to identify separately each European country of origin, a task not performed by Kerr's data, which poses several technical challenges.
Despite the many limitations of our pilot database, the results we presented, albeit not yet robust, confirm its potential. First, we have seen that immigrant inventors represent a sizable group in the European countries of destination most active in patenting at the EPO. Figures for shares of immigrant inventors over residents are in the same order of magnitude of figures for comparable shares of highly skilled migration. Second, in several European countries foreign inventors rank high in terms of productivity, very much in line with what found for the US by Stephan and Levin (2001) .
These results hold also when examining specific countries of origin. At the same time, though, they do not hold or are weaker for some countries (such as Italy) where highly skilled migration is traditionally low or for countries in which we may not be able to distinguish immigrant inventors from inventors from ethnic minorities (such as Germany, France, and Sweden). Finally, descriptive statistics suggest that the phenomenon of returnee inventorship is very limited, or at least difficult to capture with patent data, due to the high sensitivity to name disambiguation issues.
Besides improving the Ethnic-Inv database, our research plans for the immediate future will be mainly addressed at refining our findings on destination countries, especially European ones. They will be of immediate relevance to policy issues related to recent and less recent efforts to create a truly homogeneous European Research Area, its attractiveness for S&Es from Eastern Europe (compared to the US), and recent signals of a reprise of highly skilled migrations from Southern Mediterranean countries.
